Purpose This manuscript aims to precisely describe the natural disease progression of Parkinson's disease (PD) patients and evaluate approaches to increase the drug effect detection power. Methods An item response theory (IRT) longitudinal model was built to describe the natural disease progression of 423 de novo PD patients followed during 48 months while taking into account the heterogeneous nature of the MDS-UPDRS. Clinical trial simulations were then used to compare drug effect detection power from IRT and sum of item scores based analysis under different analysis endpoints and drug effects.
INTRODUCTION
Parkinson's disease (PD) is one of the most common neurodegenerative brain disorders (1) . It affects 1% of individuals older than 60 years (2) and 7 to 10 million people worldwide. PD is a complex and heterogeneous disease (3) characterized by a progressive degeneration of dopaminergic neurons of the nigrostriatal pathway leading to motor symptoms. Degenerative lesions are also found with varying degrees of severity, depending on the patient, in other subcortical nuclei resulting in both motor and non-motor symptoms (4) .
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As no specific biomarker exists (5) , the diagnosis of PD is mainly based on the clinical information provided by the patient, that is, the motor signs and symptoms (e.g. bradykinesia, rigidity, and tremor). However, according to recent publications, non-motor symptoms appear nearly 20 years (6) before its diagnosis (e.g. constipation, depression and hyposomnia). The Unified Parkinson's Disease Rating Scale (UPDRS) is a clinical rating scale used as a surrogate measure of the neuronal impairment in PD (7) . It is composed of 55 items categorized as motor and non-motor symptoms. Based on nonlinear mixed effect models, longitudinal models have been developed to estimate the average population PD status, its interindividual variability and the sources of this variability. Such features are particularly meaningful in PD, where the clinical expression varies largely among patients. Using longitudinal models, Holford et al. were able to determine the evolution of the total score over time as well as the impact of various PD medications (8) .
There is currently no cure for PD. The existing therapies (carbidopa-levodopa, dopamine agonists, monoamine oxidase B inhibitors, catechol-O-methyltransferase inhibitors, anticholinergics and amantadine) have symptomatic effects and, for some of them, disease modifying effects (8, 9) . With a high number of failures in PD clinical trials and among the several challenges in the field of the neurological diseases, questions have been raised concerning the sensitivity and the accuracy of the clinical endpoint (9, 10) .
The UPDRS scale was recognized as having a lack of sensitivity for some clinically relevant PD symptoms (11) . Dichotomous yes/no questions were, for example, considered as insufficient to measure the degree of severity of the symptoms (e.g. sleep problems and gastrointestinal plaints). Moreover, some signs and symptoms were not captured in the original scale (e.g. urinary problems and dopamine dysregulation syndrome). A revised version, the Movement Disorder Society-UPDRS (MDS-UPDRS), has been proposed in 2007 (12) . The MDS-UPDRS scale consists of 65 items measuring the disturbance of non-motor experiences of daily living (items 1.1 to 1.13, e.g. constipation, sleep disorders, depression) as well as motor experiences (2.1 to 2.13 and 3.1 to 3.18 items, e.g. tremor, rigidity, bradykinesia.) and motor complications due to PD medications (6 items, e.g. dyskinesia, On/Off states). All items are now anchored with five categories, from 0 (lack of impairment) to 4 (severe impairment) and leading to a global MDS-UPDRS score range from 0 to 260.
In addition, the disease modeling performed so far focused mostly on the sum of item scores (SIS). It assumes, therefore, an equal rate of disease progression for the all items of the scale, and thus, a similar degenerative mechanism for the motor, non-motor and tremor symptoms. However, recent analyses of the symptoms have led some to question this hypothesis (6, 9, (12) (13) (14) (15) (16) .
Several factor analyses demonstrated that non-motor, motor and tremor symptoms are relatively independent (12, 14) . When analyzed independently, tremor items have been shown to progress more slowly than all other motor features (9, 13, 17) . Non-motor symptoms occur a decade before the other symptoms (15) . Finally, unlike motor symptoms, PD medications have a limited impact on non-motor symptoms. These arguments underline the notion of a composite scale which cannot be summarized by a single index (i.e. the total MDS-UPDRS score) (12) . As a result, pharmaceutical companies are increasingly moving toward an analysis of a subset of the scale (16) . This subset is often selected per subscale (e.g. motor experiences), and not per sensitivity of each item to a potential disease modifying drug effect, leading to a potential loss of power.
Item response theory (IRT), also known as latent trait theory, assumes that each item, as a function of its difficulty and power of discrimination, explains an underlying latent variable (i.e. the neuronal disability) and therefore, captures more precisely the heterogeneity of the scale (18) . Recent publications in the field of central nervous system diseases (19, 20) have demonstrated the use of IRT to leverage the information provided by clinical rating scales.
Combined to a longitudinal model, IRT can be used to characterize the natural disease progression of PD patients while respecting the composite nature of the MDS-UPDRS scale. It was therefore the first focus of this work to establish an IRT-based longitudinal model to capture the natural history of the MDS-UPDRS score. To do so the potential effect of medication had to be taken into account to avoid an underestimation of the progression, as highlighted by Gottipato et al.
In the second part of the manuscript, the resulting longitudinal model and clincal trial simulations are used to answer the question whether a SIS-based analysis for a most sensitive subset of the assessment or an IRT-based analysis can increase the power to detect a drug effect?
MATERIALS & METHODS

PPMI Database
196 control subjects, and 64 Subjects with scans without evidence of dopaminergic deficit (SWEDD). The average follow-up time was 27.3 months. The minimum follow-up time was 0 month and observations after 48 months were discarded from the analysis. Table I represents a summary of some demographic characteristics of the PPMI database.
At baseline, all patients were treatment-naïve and were not expected to require PD medications within at least 6 months. Nonetheless, according to the protocol, PD medications, without any restriction on the number or the type, might be initiated at any time based on the discretion of the patient or treating physician. The disease progression was assessed using the MDS-UPDRS scale at visits, every 3 to 6 months (12 months for the control group). For patients on PD medication, the assessments were performed before the administration of the next dose.
Disease Progression Model
Modeling Hypothesis and MDS-UPDRS Dataset Simplification
First, due to the composite nature of the scale, we subdivided it into three different subscales. Their corresponding scores will be referred to as subscores. The MDS-UPDRS total score is based on the sum of item scores of parts I, II and III. Consequently, subscores were, measured as the sum of items score related to each of the motor, non-motor and tremor subscales. According to the MDS, the first 13 items (part I) of the scale were considered as surrogate measures of the nonmotor disability. Based on PPMI recommendations, Items 2.10 (BTremor^) and from 3.15a to 3.18 (BPostural tremor^, BKinetic Tremor^, BRest Tremor^, BConstancy of rest Tremor^) were considered as surrogate measures of the tremor disability. All remaining items of part II and III were considered as surrogate measures of the motor disability (12) . Finally motor complication items due to PD medications (part IV) were no included in this analysis as also stated by the PPMI recommendations. Items of the different subscales are reported in online supplementary material A.
Second, in the assessment of MDS-UPDRS scale, some tasks are repeated for all or part of the limbs (e.g. resting tremor of the right limb, left limb). Knowing that the patient's dominant side (21) was reported in the study, right and left repetitions were reassigned to the dominant or non-dominant side of the subject (e.g. resting tremor of the dominant lower limb, non-dominant lower limb).
IRT Model
An ordered categorical model was used to describe the data (19, 22) . The probability for a patient i to obtain a score greater or equal to k is expressed as a function of the latent variable (D i , v ), where v represents the motor, non-motor or tremor subscales. The link between the probability for different response k, with k = 0 to 4 and the latent variable is modulated using item-specific parameters, as follows:
Where a j and b j , k denote, respectively, the slope and the difficulty parameter of the item j. Difficulty parameters of the same item were constrained to be non-decreasing for increasing category severity (
While a j and b j , k were treated as fixed effect parameter, D 0 i;v , the latent variable at baseline, was modeled as a random effect correlated between the different latent variables and assumed to follow a standard normal distribution in the population (19) .
Due to the targeted population of the study, there was a lack of observations in the highest categories of most items. Therefore, difficulty parameter associated to P(Y ij ≥ k) (as expressed in Eq. 1), were estimated as long as more than 2.5% of the subjects answer the response k. Consequently, if less than 2.5% of the subjects were classified in the highest observed category, this category was merged with the previous one. Moreover, if less than 2.5% of the subjects received a rating greater than 0 for one given item, that item was ignored during the analysis (in this study: Bhallucinations and psychosis^, BFeatures of dopamine dysregulation syndromeâ nd BFreezing of gait^).
Data used to estimate the item specific parameters came from untreated subjects from 0 to 24 months. To take into account the disease progression of the patients over time, an unstructured latent variable model was used to estimate a separate mean for each visit (0,3,6,9,12,18 and 24 months).
Longitudinal Model
In a second step, to allow for inter and extrapolation, the unstructured latent variable model was replaced by a longitudinal model. Item-specific parameters were fixed to the values as obtained in the analysis described in the section BIRT model^and the time course of the motor, non-motor and tremor disability was modeled through a baseline value (D 0 v ) and a linear disease progression with a constant rate of change over time (α v ). Both parameters were modeled as subscale specific:
As the medication type and dose received by the patient was not recorded, a combined treatment effect was estimated using only the patient initiation treatment time. Three symptomatic effects (E) with different onset dynamics were evaluated on each of the tremor, non-motor and motor disability. The models (Eqs. 5, 6 and 7) are all variants of an offset (or symptomatic) drug effect on disease progression. Equations 6 and 7 assume an increase of E 0 over time to mimic the clinical impact of additional PD medications, with, respectively, a linear increase β or an exponential increase reaching an asymptote at a rate k eq in function of time since the administration of the first PD medication t dm .
with,
An additive inter-individual variability (IIV) was estimated for
It should be noted that the parameters characterize the time course of the latent variables (D i , v (t)) and not the scale itself. Therefore, simulations were used to convert the estimates back to the MDS-UPDRS scale. To do so, for each item observation of the PPMI database, a random number drawn from a uniform distribution between 0 and 1 was compared to the estimated probabilities P(Y ij ≥ k) to assign a corresponding category of severity; a simulated total score was then derived as the sum of those item categories. Then, this simulation was repeated 100 times to predict score proportions per patient and per time.
Estimation & Validation Method
The parameters were estimated using the conditional Laplacian estimation method in NONMEM version 7.3 (23) .
The capacity of the IRT model to describe the data was assessed using graphical diagnostics based on 100 simulated PPMI trial replications. The observed proportions of response in each of the 4 categories were compared to the simulated ones at the item level (scatter plot) and the mean observed proportions of response in each categories, over the items, were compared to the simulated ones at the subscale level (mirror plots). For the mirror plots, patients were subdivided into two disability subgroups. Patients with a disability lower or equal to the median value were assigned to the mild subgroup and the remaining ones to the severe subgroup.
The appropriateness of the IRT-longitudinal model to describe the data was assessed using visual predictive checks (VPCs) of the motor, non-motor, and tremor subscores. 100 PPMI trial replications were simulated from the model, and the simulated data were compared to the observations.
Impact of Analysis Method and Analysis Endpoint
In an MDS-UPDRS-based POC trial, both the analysis method as well as the analysis endpoint constitute two seperate aspects that can be optimized to increase the power of the trial. Regarding the endpoint, the analysis could be based on the full MDS-UPDRS assessment or on a selection of items, that is expected to be most sensitive given the assumed drug effect and the planned trial duration. For the analysis method, one could either use a SIS or and IRT-based analysis. The following sections describe how these four different approaches were compared using clinical trial simulations.
Simulation Scenarios
The study design assumed a short 6 month trial with 100,200,400 and 600 patients that were equally randomized to either the placebo or treatment group. The disease model developed in the disease progression section was used as the simulation model. Regarding the drug effect, instead of a combined treatment effect resulting from the association of multiple PD medications, a hypothetical disease modifying effect (γ v ) was introduced as follows:
Where, x de is a treatment indicator covariate (0 in the placebo group and 1 in the treatment group). Two scenarios were investigated: 1) a homogeneous drug effect profile with a 50% reduction of the subject-specific disease progression (γ 1 = γ 2 = γ 3 = 0.5) and 2) a heterogeneous drug effect profile with a 50%, 20% and 30% reduction of the subject-specific disease progression for the motor, non-motor and tremor subscales (γ 1 = 0.5 , γ 2 = 0.2 , γ 3 = 0.3).
Analysis Methods
For a fair comparison, both SIS and IRT-based analysis methods utilized only data from the baseline and the end of trial (EOT) visit.
SIS-Based Analysis. For the SIS-based analysis each simulated trial was analysed with a linear mixed effect model using:
Whereỹ i is the assessment summary score of patient i, y 0 i , α and γ are the parameters for baseline, progression and treatment, and x visit , x trt are dummy coded covariates (x visit = 0 at baseline and x visit = 1 at EOT, x de = 0 in the placebo and x de = 1 in the treatment group).
The significance of the drug effect was tested using a loglikelihood ratio test (LRT) with 1 degree of freedom for γ (H0 : γ = 0).
IRT-Based Analysis. The IRT-based analysis utilized the itemlevel data and the IRT model described in Eqs. 1 and 2. The latent variable D i , v of patient i for the three subscales were described with a linear mixed effect model using:
Where D 0 i;v and α v are the subscale specific parameters for baseline and progression.
The significance of the drug effect was tested using a LRT with 1 degree of freedom for γ (H0 : γ = 0).
Analysis Endpoints
Total Number of Items. All items included in the disease progression section were used for this endpoint.
Optimized Selection of Items. A selection of items specific to each scenario was used for this endpoint. Selection is based on an optimization algorithm which assumes a priori knowledge of the drug effect profile. Under scenario 2, an additional optimized selection of items was performed assuming an incorrect prior knowledge of the drug effect profile (optimization scenario 3). To that end, the expected drug effect profile was arbitrarily set to a 20%, 30% and 60% reduction of the individual disease progression for the motor, non-motor and tremor subscales, respectively.
The optimization algorithm worked in an iterative manner, starting from an empty set of items and choosing a new item at each iteration by testing all the remaining ones. The algorithm aimed at selecting, at each iteration, the item that maximizes the probability of correctly identifying the treatment effect to be larger than the placebo effect. To calculate that probability, score change from baseline at EOT in both groups was approximated as a normally distributed random variable with mean (μ c ) and variance (ω c ).
The per group, μ c and ω c were calculated, through 100,000 Monte Carlo simulations, as the sum of the item level means and variances (while taking into account the correlation between items), such as:
Where z denotes an indicator column vector of 1 , … , n items, y n the item level means and Ω the variance covariance matrix. For each combination c:
Finally the quantile function was used to calculate the probability of the score difference, between the placebo and treatment arms, to be larger than 0. The algorithm stopped when none of the remaining items led to an increase in the optimized probability. The R code of the optimization algorithm can be found in the supplementary material B.
Technical Implementation
Under each scenario and each sample size, power was calculated as the number of times where a statistically significant difference was found according to the analytical method and the analytical endpoint out of 1000 trial replicates.
RESULTS
Disease Progression Model
In total, the IRT model consists of 184 item-specific parameters which were estimated from the observations between baseline and 24 months of subjects without PD medication. According to the modeling hypothesis, these parameters describe 56 MDS-UPDRS items which consist of 2 to 5 categories.
The longitudinal model was estimated on de novo PD patients with and without PD medications from baseline to 48 months. Latent variables time course were characterized by a baseline and a linear disease progression rate. Parameters of the longitudinal model and their relative standard errors (RSE) are reported in Table II . Parameters are expressed in the latent variable scale. To ease the interpretation of those values; simulations were used to predict the median baseline value and the median rate of disease progression per subscale. The estimated median baseline values equal 0.62, 0.45 and 0.45 unit/item for the motor, non-motor and termor subscales, respectively. The median natural disease progression rate correspond to an increase of 11.25 unit/year for the total score and 0.26, 0.11 and 0.11 unit/item/year for the motor, non-motor and tremor subscales, respectively. The estimated rate of disease progression in the motor subscale was higher compared to the others. Finally, positive correlations were estimated between the different latent variables for the individual baselines and disease progression rates.
Adding drug effect significantly improved the fit according to the LRT. Drug effects were best described using a constant offset (Eq. 4 with a linear increase (Eq. 5) and an exponential increase (Eq. 6) for the non-motor, tremor and motor disability, respectively. Figures 1 and 2 underline the model's ability to reproduce the score of a specific population, in this case de novo PD patients at baseline, at both the item and subscale levels. The observed mean proportion of responses in each category of the 3 subscales were adequately reproduced by the model (Fig. 1) . Futhermore, at the item level, the symbols were homogeneously distributed around the identity line, highlighting the adequacy between the observed and simulated proportion of patients per category of each item (Fig. 2) .
Model Performance
The predictive performances of the longitudinal model for each subscore are reported in Fig. 3 . The 2.5, median and 97.5 percentiles of the observations were mostly included in the predicted confidence interval of the 2.5, median and 97.5 percentiles, representing a satisfactory ability of the model to reproduce the data. After 12 months, the model slightly over predicts the 97.5 percentile and under predicts the 2.5 percentile of the motor subscale. Additional plots highlighting the adequacy of the model to describe the data at both the item and total score levels can be found in the online supplementary materials C and D.
Impact of Analysis Method and Analysis Endpoint
The result of the subset optimization algorithm are visualized in Fig. 4 . Assuming a priori knowledge of the drug effect profiles, Fig. 4 represents the probability of correctly identifying the treatment effect to be larger than the placebo effect after each iteration of the optimization algorithm. Under the hypothesis of a homogeneous drug effect (optimisation scenario 1), the optimized set consisted of 39 items including 2 nonmotor items, 6 tremor items and 31 motor items. Based on the heterogeneous drug effect (optimization scenario 2), there were 33 items in the optimized set. Two of them were tremor items and the remaining 31 were motor items. For the scenario 1 and 2, once the optimized set of items was reached, the probability was gradually decreasing after each iteration of the optimization algorithm. Finally, under optimization scenario 3, the optimized set consist of 1 non-motor items, 9 tremor items and 25 motor items. A list of the items selected under each of the optimization scenarios is reported in online supplementary material B. Figure 5 compares the power to detect a drug effect for different analysis methods and analysis endpoints. It illustrates that using a SIS-based analysis (the reference approach), power can be significantly increased by focusing on a subset of most informative rather than all items. However, from Fig. 6 , where incorrect prior knowledge of the drug effect profile was used for the item selection, it is clear that this increase in power can only be achieved if the prior assumptions are correct.
According to Fig. 5 , regardless of the simulation scenario and analysis endpoint, an IRT-based analysis consistently had the highest power. An analysis of an optimized set of items doesn't increase the power of the IRT based analysis. IRT allowed leveraging of the information provided by the scale without any a priori knowledge of the drug effect and led to a decrease of 25% and 23% in the required number of patient to achieve 80% power (for scenarios 1 and 2, respectively), compared to SIS.
DISCUSSION
The first focus of this work was to establish an IRT-based longitudinal model to capture the natural history of the MDS-UPDRS score. An IRT-based modeling on three latent variables for the motor, non-motor and tremor disability was used to capture the heterogeneity of a clinical rating scale. The choice of three latent variables corroborates the literature (9, 13, 17) . In Parkinson disease clinical trials, the initiation time of PD medications is closely related to the rate of disease progression. Ignoring the observations of patients under treatment may lead to an underestimation of the disease progression. Moreover, knowing that most of the patients will require PD medications within 6 to 9 months, it would dramatically reduce the information related to the disease progression. By combining IRT and longitudinal models we were able to describe the evolution of patients with and without PD medications over time while estimating different progression rates for the subscales. The estimated progression of the total MDS-UPDRS was in line with the value reported in the literature on the UPDRS scale (8) . Furthermore, in agreement with the (9), a statistically significant disease progression was found for each of the subscales with a higher rate for the motor subscale. Finally, the estimated positive correlations between subscales for the individual baselines and disease progression rates underline the concept of a single pathology as the origin of these processes.
The second part of this work used the final longitudinal IRT model to investigate the influence of the analysis method on power to detect a drug effect under different conditions. Our findings highlight that defining an a priori optimized set of items is one way to increase the power of a SIS-based analysis. This paper presents an optimization algorithm that allows to select the most sensitive items in an assessment if a SIS-base analysis is planned. However, it is important to point out that these approaches are dependent on a priori knowledge of the drug effect profile and it was shown that no increase in power, or even a decrease, is to be expected if the assumed profile is wrong. An IRT-based analysis, in constrast to that, consistently delivered the highest power without any assumption about the drug effect profile. It should be highlighted that both SIS and IRT-based analysis were performed in a pre-specifiable manner.
Results should be interpreted with caution as they are associated with some assumptions and limitations. The work was based on an ongoing study which may introduce a bias in the analysis of the data (24) . In fact, due to the lack of information we were not able to differentiate the subjects who withdrew from the study, from the censored patients Fig. 4 Probability of correctly identifying the treatment effect to be larger than the placebo effect as a function of the optimization algorithm iterations and assuming either a homogeneous (left) or two heterogeneous (center and right) drug effect profiles. The dashed line corresponds to the optimized number of items. which could introduce a bias in the analysis of the data if the dropout doesn't occur completely at random.
Regarding the disease progression, different functions can be used to approximate the natural disease progression. Simple models assume a linear disease progression rate over time and other, more complicated models, describe an asymptotic state (8) . In this manuscript, the short time of the study justifies the use of a linear function to describe the natural disease progression. In fact, according to Holford et al. (8) , the linear and Gompertz models provides similar predictions of the natural UPRDS progression from 0 to 4 years. One should note that the disease progression was assumed to be linear under the neuronal disability scale. When converting the predictions to the MDS-UPDRS scale, the score is capped to the maximal value of the scale.
As the medication type and dose received by the patient was not recorded, a combined treatment effect was estimated using only the patient initiation treatment time. To mimic the clinical impact of additional PD medications Eqs. 6 and 7 assume an increase of the symptomatic effect over time. However, due to the lack of recorded information regarding the PD medications, these variants of a symptomatic effect would not be distinguishable from a disease modifying effect. The structure of the drug effect model as well as the estimated parameters describe the observations correctly, however, they cannot be used for extrapolation beyond 48 months.
Another limitation concerns the heuristic nature of the greedy algorithm. It approximates a global optimum by a series of local optimal choices leading to an optimized set of items and not the optimum; however, an extensive search is prohibitive.
In order to carry out a fair comparison, SIS and IRT-based were analyzed under the same conditions. Therefore, both methods estimated a disease modifying effect common to all items even if the IRT model could do differently.
In PD, clinicians are increasingly using combination therapies to treat the different components of the disease with the ultimate goal of slowing the rate of disease progression. However, the recommendations or tools to combine drugs in an efficient manner are limited. This work could be also used as a tool to determine the drug effect profile of different PD medications and therefore help clinicians to combine drugs efficiently.
CONCLUSION
Based on MDS-UPDRS data from the PPMI database, a longitudinal IRT model was implemented. The model acknowledges the composite nature of the scale through separate latent variables, disease progression rates and drug effects for the motor, non-motor and tremor items. Based on clinical trial simulations, the model was then used to investigate the impact of the analysis method on the power to detect a drug effect. Regardless of the drug effect profile and analysis endpoint, IRT-based analysis provides an equivalent or higher power compared to a SIS-based analysis without any need of Ba priori^selection of the most informative items. It is a powerful tool which allows to yield information from the MDS-UPDRS scale, and therefore maximizes the likelihood of bringing new medicines to Parkinson's disease patients. 
